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Introduction
In today's increasing competitive business world, the suppliers' selection is one of the most critical activities of a company and a strategic purchasing decision that commits significant resources (40% to 80% of total product cost) and impacts the total performance of the firm. The studies in that field show that this decision is a complex process involving various criteria such as procurement cost, product quality, delivery performance, etc. These criteria, which vary according to various factors such as the type of the product, the activity of the company, etc, are often in conflict with one another. For example, low prices can be offset by poor quality or delivery reliability. Therefore, the supplier selection is an inherently multiobjective decision. Dickson (1966) has identified at least 23 criteria in his empirical study in various vendor selection problems. Moreover, a review of 74 articles by Weber et al. (1991) obtained similar results and showed that several approaches have been suggested to take into account the multiobjective nature of the decision problem. These approaches may be grouped into three categories, which are: linear weighting models, mathematical programming models and statistical/probabilistic approaches. However, that study identified very few articles that have proposed mathematical programming techniques to analyze supplier selection decision. Over the past few years, other techniques are suggested in the literature. We can mention: interpretive structural modeling (Mondal and Deshmukh, 1994) , expert system (Vokurka et al., 1996) , data envelopment analysis (Weber, 1996; Liu et al., 2000) , multi-objective programming (Weber et al., 2000) , Analytic Network Process (ANP) model (Sarkis and Srinivas, 2002) , integrated approach (Youssef et al., 1996; Çebi and Bayraktar, 2003; Teng and Jaramillo, 2005) , etc. Moreover, other studies were interested in the choice between sole and multiple sourcing. They indicate that splitting an order among several vendors promotes competitive bidding, reduces the risk of supplier nonperformance and can offer savings in inventory costs (Goffin et al., 1997; Sedarage et al., 1999) .
None of the studies cited above consider, in an explicit way, the impact of transportation on the supplier selection decision. This is a great limitation because splitting orders across multiple suppliers will lead to smaller transportation quantities which will likely imply larger transportation cost. Moreover, transportation and inventory elements are highly interrelated and contribute most to the total logistics costs: costs incurred in the suppliers while the products wait to be shipped, costs represented by the products in transit and costs incurred in the buyer while the products wait to be used. Finally, transportation has a direct impact on the lead-time, which affects the firm's total cycle time.
The most important articles that have addressed the problem of multi-sourcing, in particular dual sourcing and transportation are described below: Hong and Hayya (1992) have discussed reducing lot size in the JIT purchasing environment with multiple vendors. A nonlinear programming problem is formulated and the objective function is to minimize the aggregate ordering and holding costs under delivered cost and quality constraints. Transportation cost is not formulated explicitly in the model. For multiple sourcing, the model gives the optimal selection of suppliers and the size of the split orders whereas, for the single sourcing, it determines the optimal number of deliveries. Ganeshan et al. (1999) examine the dynamics of a supply chain that has the option of using two suppliers: one reliable and other unreliable. The unreliable supplier is characterized with long lead-time. Although the use of that supplier might warrant higher inventory and transportation costs, it's attractive to the firm because he is willing to provide a discount on the purchase price. In that study, the authors present a model, which minimize the sum of purchasing, ordering, holding and transportation costs. Holding cost includes cycle-stock, in-transit stock and safety stock carrying costs. The expected shortage per replenishment cycle is the only constraint of the model. A simple heuristic is used to determine the level of discount that needs to be offered and the portion of the order that should be placed with secondary supplier. Tyworth and Ruiz-Torres (2000) investigate the role of transportation in the sole versus dual sourcing decision. They present a model, which minimizes the sum of purchasing, ordering, storage and transportation costs. No constraints are defined in the model. They demonstrated that dual supplier sourcing could yield savings under some conditions on supplier price, annual demand, lead-time performance and line-haul distance.
More recently, Ghodsypour and O'Brien (2001) proposed a mixed integer non-linear programming model, which takes into account the total cost of logistics. The total cost includes ordering, holding and purchasing costs. The cost of transport is not clarified even if it is mentioned in the paper. The model considered supplier capacities, buyer demand and quality constraints.
In these various types of research, stocks in the entire transportation network (suppliers, transit and buyer) are not clarified and the effects of transportation on the supplier selection problem are not considered. The contribution of our paper is the integration of all these elements in the multi-objective programming (MOP) approach that we propose. The MOP model was first introduced by Weber and Ellram (1993) as a technique for selecting vendors in procurement environment characterized by multiple conflicting criteria. Our first work in this field was published in some conferences (Aguezzoul and Ladet 2004a; 2004b; 2004c) . In this article, we added other bibliographical studies, modified the model by integrating the distances between the buyer and the suppliers and finally improved the data-processing program corresponding to the model suggested. Then, the objectives to minimize in the model are total cost and lead-time criteria under suppliers, buyer and transportation constraints. Total cost includes transportation, ordering and inventory costs. Total purchasing cost is not considered here and we suppose that the product, which is purchased over a given horizon of time, has the same unit price from all the suppliers. Let us note that cost and lead-time criteria are chosen here because they are used in literature. Moreover, they are much related to the transport policies.
The model simultaneously determines the optimal number of suppliers to employ and the order quantities to allocate to them, taking into account the transportation. The model is validated using a numerical example. This paper is structured as follows. In the next section, we present the mathematical form of our model. In section 3, we give a solution methodology of our multiobjective model. Section 4 reports the results of computational experiments made using MATLAB, software specialized in optimization, to solve the model. The last section contains concluding remarks.
Model formulation
In a multiple sourcing network, a buyer must make a choice among several suppliers and decide on the order quantities to split among them. The model proposed considers the criteria, which take into account transportation, namely: total product cost and lead-time. The objectives to minimize simultaneously are these two criteria. Total cost includes ordering, transportation and storage costs subject to capacity and lead-time required by each supplier and lead-time imposed by the buyer. We assume that the demand of the buyer is known and constant and that the transportation capacity is unlimited.
Let's define the following variables and formulas: n = number of suppliers D = unit time demand of buyer Q = ordered quantity to all suppliers in each period Q i : ordered quantity to i th supplier in each period A i =ordering cost per order, of i th supplier P i = purchase price of i th supplier C i = production capacity of i th supplier l i =lead-time required by i th supplier T i = average transit time from i th supplier to buyer L = lead-time imposed by the buyer r = holding rate of the buyer r i = holding rate of i th supplier rt i = in-transit holding rate of i th supplier d i = distance from i th supplier to buyer Cf i = fixed shipping cost of i th supplier Cv i = variable shipping cost of i th supplier Decision variables: X i = fraction of Q allocated to i th supplier
In addition, D/Q is the number of periods during the time considered. The total cost (C total ) can be written as:
[ ]
The first term in this expression is the total transportation cost. We use the modeling (Cf/Q + Cv) suggested by Hall (1985) . The fixed shipping cost Cf is independent of a load and includes cost of stop and cost per unit distance. The variable shipping cost Cv is a cost per load and it's independent of the distance covered. The second term represents the total ordering cost. A i is restricted to traditional (non-transportation) ordering and inspection cost elements. The last term is the total inventory cost. In a transportation network, inventory includes items waiting to be shipped from each supplier, items in transit to buyer and items waiting to be used by buyer. That supposes that each supplier produces items at a constant rate and the production planning is synchronized with that of transport. The average time required to i th supplier to produce a shipment of size Q i is Q i /D. Each item in the load waits on average half of this time before being shipped Q i /2D. After arriving, each item waits on average Q i /2D before being used. The average time spent by an item from i th supplier to buyer is Q i /D + T i (Burns et al., 1985) .
As Q is the optimum order quantity, it can be calculated by using the derivative of C total :
An appropriate aggregate performance measure for delivery to the buyer is given by Pan (1989) in the expression (1b) below: (1a) and (1b). Constraints (2) represent the supplier production capacity restriction. Constraint (3) is an aggregate performance measure for delivery for all suppliers. This expression is given by several authors (Chaudhry et al., 1993; Pan, 1989; Jayaraman et al., 1999) and must by less than the lead-time imposed by the buyer. This implies that the long lead-time of one supplier is compensated by the short lead-time of other suppliers, Constraint (4) indicates that demand is placed with the set of n suppliers. Constraints (5) require that an order is placed with a supplier if only he is selected; ε is a positive number, slightly greater than zero. Constraints (6) impose binary requirements on the Y i variables.
Solution methodology
The multiobjective programming is often used to find a compromised solution, which simultaneously satisfy a number of design criteria. In solving the multiobjective programming problems, classical methods reduce them into a single objective of minimizing a weighted sum of deviations from goals. In our case and since the cost and lead-time criteria have different orders in magnitude, we have normalized the objectives by using the absolute values of the relative variations of each objective compared to its goal. Thus, the multiobjective function (1) can be rewritten as:
This equation is a single objective function and our NMOP can be solved as a single objective optimization problem subject to constraints (2)-(6). G1, G2, w and (1-w) respectively are the cost, lead-time goals and the weighting factors for the absolute values of the relative variations of each criterion.
To find G1, we solve the model in section 2 by considering the cost as the only objective function (Z = C total ), even thing for G2 (Z = LT total ).
The next section presents a numerical example to evaluate the model. All results presented are generated on a personal Compaq computer (Intel Pentium IV, 2.40 GHz) using Matlab version 6.5, a high-performance language that offers the optimization Toolbox as fmincon that performs minimization on general nonlinear functions.
The model is solved several times, evaluating various scenarios. Each scenario depends on the type of shipment used to move the products from suppliers to buyer.
Numerical example
In this section, we first study the performance of the model by representing the CPU time in function of the number of suppliers and then, present a case study of three suppliers who have capacities limited. Two types of shipment are used: a TruckLoad (TL) and a Less than TruckLoad (LTL), characterized respectively by the in-transit holding rate 10% and 12%, the variable shipping cost 0 and 0.05 and the fixed shipping cost 1.32$/mile and 0.15$/mile. The demand of the buyer is 1000 per week, r=20%, the maximum accepted lead-time is 3 days, the ordering, the purchasing costs and the holding rate of each supplier are respectively 10$, 5$ and 20%. The capacities of the three suppliers are respectively 900, 800 and 700 when their distances to buyer are respectively 100, 150 and 200 miles. In these experiments, we take a = 0.001 by supposing that 0.1% is the minimum percentage of the demand that the buyer will order to a supplier (see constraint 5).
The model is then computing under five scenarios, each depending upon a shipment type used by each supplier, as follows:
• Scenario 1: each supplier uses a LTL, • Scenario 2: each supplier uses a TL, • Scenario 3: supplier 1 uses a TL while suppliers 2 and 3 each use LTL, • Scenario 4: supplier 2 uses a TL while suppliers 1 and 3 each use LTL, • Scenario 5: supplier 3 uses a TL while suppliers 1 and 2 each use LTL. Table I contains other information on the suppliers, according to whether they use one or the other type of shipment.
"Take in Table I " Table II gives the CPU time, which includes the generation, compilation and execution times in seconds, to provide an optimal solution for each value of n. The data on the 10 suppliers are taken here in a random way.
"Take in Table II" Table II This time appears to grow exponentially in the number of suppliers, especially for value 7 of n. In this case, CPU time varies from 1 minute for n=7 to 30 minutes for n=10. This increase is attributed to the combinations of binary variables Y i (2 n ). But we can conclude that our model can be solved in a rather reasonable amount of time.
For each of the five scenarios referred to above, table III respectively gives the values of G1, G2 and other computational results corresponding to each goal. LT total * and C total * respectively represents lead-time and total cost for G1 and G2.
"Take in Table III " By considering the values of G1 and G2 for each scenario, table IV summarizes the computational results of the NMOP. In our experiment, we vary the values of w from 0 to 1 with a step of 0.1. Usually, this factor is fixed by the decision maker, which makes the method subjective to the user. "Take in Table IV" From these computational results of our model, we can deduce the following remarks: -When suppliers use all the same type of shipment, (scenarios 1 and 2), suppliers to select are 1 and 2. -For other scenarios, these results illustrate that varying the weights of the criteria will result in different suppliers being selected with varying order quantities. Indeed, for scenario 3, the buyer will choose suppliers 2 and 3 if w takes values 1 or 0.9 and suppliers 1 and 2 if w takes other values. For scenario 4, the choice will relate to suppliers 1 and 3 if w varies from 0.6 to 1 and suppliers 1 and 2 if w varies from 0 to 5. Finally, for scenario 5, the buyer will select suppliers 1 and 2 if w varies from 0.3 to 1, suppliers 1 and 3 if w takes values 0.1 or 0.2 and all suppliers if w=0. -For a given value of w, for example w=0.5, the minimum of all the Z is reached for scenarios 1. The buyer will choose suppliers 1 and 2. In both scenarios, suppliers use a LTL shipment type, which gives a minimum transportation cost (243.43) with a percentage of 35% of the total cost. The optimum order allocations assigned to each supplier are respectively, in proportion 0.74 and 0.26. The optimum order quantity is 197 and the order quantities, which should be purchased from suppliers 1 and 2, respectively are 146 and 51 for each of the five periods because there are D/Q (=5.08) periods. At the 6th period, the buyer may order the rest of quantities to buyer 1 (15) to satisfy the demand. "Take in Figure 1 ". -The in-transit inventory cost is maximum for selected suppliers whereas it' s minimum for the same case, for the other scenarios and especially for scenarios 2, 3 and 4. Indeed, a TL is faster and thus the products remain less longer in the road. -Conversely, the inventory cost of buyer is minimum for scenarios 1 and 5 whereas it's significant for scenario 4, then for scenario 3 and more significant for scenario 2. The use of a TL implies that the products arrive quickly to the buyer and its stock is maximum. -For each scenario and for the selected suppliers, the inventory cost increases in the same direction as w for one while it decreases for the other.
Conclusions
In a multiple sourcing network, the buyer has to employ more suppliers concurrently. In this case, several problems arise such as the determination of the optimal number of suppliers and the portion of the order to allocate to each one.
In reviewing the literature on this area, we note that there has been very little work that comprehensively examines the role of the transportation in this selection.
In this research, we have developed and demonstrated the use of a multiobjective programming approach for improving the impact of transportation in supplier selection problem. Our model can assist the buyer in selecting the appropriate suppliers to employ and determining the order quantities to split among them.
The proposed comprehensive approach is also likely to find multiple solutions to the problem, each corresponding to a different setting of the weight factor and to the type of shipment used to move products from selected suppliers to buyer. 
